We present Bharati, a simple, novel script that can represent the characters of a majority of contemporary Indian scripts. The shapes/motifs of Bharati characters are drawn from some of the simplest characters of existing Indian scripts. Bharati characters are designed such that they strictly reflect the underlying phonetic organization, thereby attributing to the script qualities of simplicity, familiarity, ease of acquisition and use. Thus, employing Bharati script as a common script for a majority of Indian languages can ameliorate several existing communication bottlenecks in India. We perform a complexity analysis of handwritten Bharati script and compare its complexity with that of nine major Indian scripts. The measures of complexity are derived from a theory of handwritten characters based on Catastrophe theory. Bharati script is shown to be simpler than the nine major Indian scripts in most measures of complexity. Self-organizing maps (SOM) are generated by training data for handwritten characters of Bharati and Indian scripts. Phonetically similar characters are clustered together on SOM for Bharati, supporting the proposition that the shapes of Bharati script follow the underlying phonetic organization.
The possibility of a common script for major Indian languages is meaningful since, nine of the ten scripts listed above (Bengali to Telugu) share nearly the same character structure, barring a few exceptional characters found in individual scripts. Therefore, similar to the situation in Europe, where a common script (Roman script) is used for a majority of European languages, it would be an immense development in the evolution of Indian languages if the entire country can accept a single script. A feasible solution is to develop an altogether new script, a script that possesses advantages not shared by the existing scripts.
In this study, we propose a 'unified script' called Bharati which is much simpler and can represent all the nine major Indian scripts. This study compares handwritten characters of Bharati script to the characters of Bharati script by means of measures such as complexity, stability index, stroke density and curvelength. Shape similarities of phonetically similar characters are studied using self organizing maps.
The Bharati script -The Bharati akshara is written in three tiers arranged vertically -a large middle tier flanked by thinner upper and lower tiers. The body of the akshara is wriiten in the middle tier. Diacritics that convey vowel modifier information are placed in the upper tier, while diacrtitics that convey information related to consonants are placed in the lower tier. Both the upper and lower tiers are divided into three regions each, as shown by the dotted lines in Figure 1 . In its basic organization, Bharati follows the common organization of most Indian alphabet systems into vowels and consonants. But Indian alphabets, though ornate, are sometimes unreasonably complicated. In designing Bharati, the underlying phonetic logic of Indian languages is exploited to create a simple script. The complexity of handwritten characters -A handwritten character survives serious distortions in size, orientation and even structure. The shape of the character is a feature which survives structural injuries and enables its recognition. We now describe a method of evaluating the complexity of handwritten characters using Catastrophe theory (CT), a branch of Singularity theory. CT aims to formally explain the origin of shapes in Nature [3] [4], and has been applied to a variety of problems in engineering and physics [3] [4] [5] . It investigates and classifies singularities that occur in a special class of dynamical systems called gradient systems, whose dynamics describes gradient descent over a smooth potential function. When such systems are parameterized by a small number of parameters (k<=5), CT shows that the singularities that arise are universal. Furthermore, CT proves that there are only eleven universal singularities called the catastrophes. CT relates such singularities to forms that arise in nature like, e.g. the edge of a breaking wave.
Ideas from CT have been borrowed to represent the shape of handwritten characters [6] . Since the trajectory of handwriting consists of two functions x(t) and y(t), shape features in the trajectory may be expressed in terms of salient events occurring in x(t) and y(t). According to CT, the overall shape of a smooth function, f(x), is determined by its critical points (CP), the points where the first derivative vanishes. CPs are classified into two categories: 1) simple CPs and 2) complex CPs. Simple CPs are defined as points where the first derivative vanishes and the second derivative is non-zero. Simple CPs remain the same on small perturbations. Hence, in the neighbourhood of simple CPs a function has the property of strutural stability. [7] . On the contrary, at a complex CP, in addition to a vanishing first derivative, the second and probably ther higher derivatives are also zero. In the neighbourhood of a complex CP, a function changes its character on a small, smooth perturbation. Hence, it is structurally unstable; on a small perturbation it breaks up into a combination of simple and/or complex CPs [6] .
Codimension is a parameter that describes the complexity of a complex CP. The codimension of a function near a CP is the minimum number of parameters necessary, in a parametric representation of the function, to bring back the function from a perturbed state to its original state. The higher the codimension of a CP is, the greater the number of parameters necessary to bring back the function to its original state. Therefore, codimension may be regarded as a measure of complexity of a complex CP. This concept can be applied to quantify the complexity of the handwritten characters.
A handwritten character is formed gradually by a sequence of hand strokes [6] . A stroke is defined as what is drawn/written between the time when a pen touches the paper and when it lifts off the paper. Each stroke can be expressed in terms of the X(t) and Y(t) coordinates of the trajectory, where t varies from 0 to a maximum time T.
The key idea behind the proposed approach to represent the shape of handwritten characters is that the global shape of a handwritten may be represented as a graph of a set of local shapes. Furthermore, the local shapes of a handwritten character may seem to be classified into a small number of shape classes occurring at points known as Shape Points (SPs).
Below we describe a small number of SPs in terms of X(t) and Y(t) [6] . 0) Interior Point (I): This is not really a "shape" point but it is important to define it explicitly because it is useful in defining higher order SPs. An interior point is simply any interior point of a stroke defines as, ( ), ( ), 0,
Stability: An interior point is stable since it survives a small, smooth perturbation. Codimension: Since it is a stable point, its codimension = 0. 
where, no other stroke terminates at (X E , Y E ). Stability: An end point is stable. Codimension: Since it is a stable point, its codimension = 0.
2) Bump Point (B): A bump point is an interior point where the derivative of either X(t) or Y(t) (with respect to 't') vanishes ( Figure 4b ). Formally, a bump point is defined as,
Near a bump point, a tangent drawn to a stroke would be either horizontal or vertical. Thus, a bump point might occur in four different ways ( Figure 4b ).
Stability: The bump point is a simple minimum/maximum of one dimensional smooth function (X(t) or Y(t)). Being the same as a simple CP of the previous section, it is stable. Codimension: Since it is a stable point, its codimension = 0. The SPs seen so far are the simplest SPs, -all of them are stable. We now define some unstable SPs. We first define the operation of identification useful to describe more complex SPs.
Figure 4: Illustrations of stable (LT, B and X) and unstable (C, T, D and A) shape points
Identification (definition): Two points A (X a , Y a , t a ) and B (X b , Y b , t b ) on the same or different strokes, are said to be identified, when X a = X b , Y a = Y b , t a t b . Note that, if A and B are on different strokes, the constraint t a t b is automatically satisfied.
3) Cross Point (X): A cross point can be formed by identification of two interior points (I) ( Figure 4c ). Stability: The cross point survives a small perturbation. The actual location of the 'X' point may be displaced, but the point itself remains. Codimension: Being a stable point, codimension = 0.
4) Cusp Point (C):
The cusp point occurs when both X and Y derivatives vanish simultaneously. In its neighbourhood of a cusp point, the stroke has a sharp, spiky appearance ( Figure 4d ). Formally, it may be defined as,
Stability: At a cusp point, derivatives of both X and Y functions vanish simultaneously, i.e., X' (t c ) = Y' (t c ) = 0. On a small perturbation to X(t) and Y(t), it may so happen that, X'(t a ) = Y'(t b ) = 0, where t a and t b are unequal. Thus, where there was a Cusp earlier, we now have 2 Bump points (one along X and another along Y). Hence the Cusp point is unstable. On perturbation, a Cusp may change into a smooth bump or a self-intersecting loop (Figure 4d ).
Codimension: Since we only need a single degree of freedom -vary either t a or t b until it equals the other -to make the 2 Bump points coincide, codimension of a cusp point = 1. (Figure 4f ), given as:
5) T Point (T):
Stability: This is an unstable point since on a small perturbation the zero-length stroke may turn into one of non-zero length. Codimension: To turn the non-zero length stroke back into a dot, only one parameter (t 0 or t 1 ) need to be modified, so as to make the inequality between t 0 and t 1 into equality. Hence codimension = 1.
7) Angle Point (A):
An angle point is formed by identification of two End points (LT) (Figure 4g ). It occurs when a stroke begins from where another stroke had ended. Stability: From the perturbed forms shown in Figure 4g , it is obvious that the angle point is unstable. Codimension: The angle point can be restored by moving one of the end points, in Figure 4g with two degrees of freedom. Therefore codimension = 2.
Among the seven SPs introduced so far, there are three SPs (LT, B and X) with codimension = 0, and three SPs (D, C, T) with codimension = 1. In a more complete description of SPs given in Chakravarthy and Kompella, 2003 [6] , the number of SPs with codimension = 2 is greater than six, but here we present only one of them. Of all the SPs with codimension = 2, we found that only the angle point occurs in Indian language characters and Bharati characters. Next we describe a method of assessing the complexity of handwritten characters (under section A of Methodology) and apply the same to handwritten text written in the nine Indic scripts of interest, and compare the complexity results with the corresponding results from Bharati.
Shape similarities of phonetically related characters -
The relationship between the shapes of phonetically similar characters are studied using self organizing map (SOM). SOMs create a network that stores information in such a way that topological relationships within the training sets are maintained. Each node in the SOM has a specific topological position, denoted by x, y coordinates. It contains a vector of weights of the same dimension as the input vector. If the training data consists of vectors, V, of n dimensions (
) then each node will contain a corresponding weight vector, W of n dimensions
). The training algorithm is discussed further in detail. 1) Initializing the weights: Each node's weights must be initialized prior to training. Weights are set to small standardized random values. 2) Calculating the Best Matching Unit (BMU): To determine the best matching unit, all nodes are scanned and Euclidean distance between each node's weight vector and the current input vector is calculated. The node with a weight vector closest to the input vector is considered as the BMU. Euclidean distance is calculated as follows:
where, V is the current input vector and W is the node's weight vector.
3) Determination of the BMU's neighbourhood: After the BMU has been determined; the next step is to calculate which of the other nodes are within the BMU's neighbourhood. First the radius of the neighbourhood is decided. The neighbourhood is centered on the BMU and encompasses most of the other nodes. The area of neighbourhood shrinks over time in the learning algorithm. This is achieved by making the radius of the neighbourhood shrink over time. The exponential decay function used for this purpose is as follows:
Where, 0 denotes the width of the lattice at time t = 0, denotes a time constant, t is the current iteration of the loop. 4) Adjustment of weights: Every node within the BMU's neighbourhood (including the BMU) has its weight vector adjusted as per following equation:
Where, t represents the current iteration of the loop and L is called the learning rate. This rate decreases with time as given the following equation:
Where, ) (t represents the amount of influence a node's distance from the BMU has on its learning.
Where, dist is the distance of a node from the BMU and is the width of the neighbourhood function.
We describe a method for assessing shape similarities of phonetically similar handwritten characters under Section B of Methodology.
Methodology Section A (Complexity of handwritten characters)
-Along with Bharati, the following nine different Indian scripts are considered for this study: 1) Bengali, 2) Gujarati, 3) Hindi (Devanagari script), 4) Kannada, 5) Malayalam, 6) Oriya, 7) Punjabi (Gurumukhi script), 8) Tamil and 9) Telugu. Twenty names of Indian cities covering all the vowels and characters were selected carefully ( Table 1 ). The names of cities were written in each script by the writers using a digital pen. Hi-Tech e-Writemate digital pen was used to capture and store handwritten data. The data obtained using digital pen represents the x-and y-coordinates of the strokes of the handwritten characters. The following preprocessing steps were applied to the data obtained: 1) Character segmentation: The strokes are segregated according to their horizontal and vertical position and stored as a structure to represent a single handwritten character. Figure 5 shows segmented characters of Hindi (Devanagari script) represented with different colors.
2) Normalization: The characters in most of the Indian scripts are written using more than one stroke. Hence, the characters written in these scripts are of different height and width. The characters are normalized in size by scaling the x-and y-coordinates of the strokes using the same factor. The factor considered for normalization is the height of the main stroke. The main stroke of a character is the stroke with the largest y-span[8].
3) Smoothing: SPs defined in the previous section involve derivative computations, which require X(t) and Y(t) to be smooth. Smoothing of strokes is achieved by convolving X(t) and Y(t) with a one dimensional Gaussian kernel, g(u) defined below: Rajasthan (राज थान) Odisha (ओ डशा)
Sriharikota ( ीहर कोटा) Fatehpur Sikri (फते हपु र स ) 
4)
Interpolation: The final step in preprocessing is where the smoothened stroke is interpolated to give a fixed number of points, equally spaced along the curve length. The number of points is chosen based on the average number of points per stroke in the given dataset. A linear method of interpolation was used to get 64 equally spaced points along the curve. The interpolated strokes, representing the handwritten characters, were used for the identification of the SPs. Figure 6 shows an example of a character labeled with End points (l7), bump points (b1, b3 and b7), cusp point (c) and cross point (X). We now define a set of measures of complexity using which we compare the nine Indian scripts with Bharati.
Shape Complexity: Shape Complexity of a stroke is the sum of complexities of all the SPs. The complexity of a SP is defined as, Shape Complexity = 1 + codimension (12) A stroke with more SPs (even if all of them are structurally stable) is considered more complex than that with fewer SPs. Therefore the shape complexity of an SP with codimension = 0 is defined as 1. Hence, the net shape complexity of a character is calculated as,
where, i represents the type of SPs ( i = LT, B, X, C, T, A or D), codimension i represents the codimension value for shape point i and N i represents the total number of shape points of type i identified in the handwritten characters for twenty names of cities. But it is desirable to calculate Shape Complexity per Unicode which denotes the complexity density of the characters in the script of interest. The number of unicodes in the word gives us information about the total number of vowels and consonants in the word. Thus we define, Shape Complexity = Net Shape Complexity/#Unicodes (14) Furthermore, the actual value of Shape Complexity depends on the SPs considered in the calculation. Based on the selection of SPs used in calculation of Shape Complexity, we define 3 complexity measures: Shape Complexity #1 = Shape Complexity calculated using all of the 7 SPs considered. Shape Complexity #2 = Shape Complexity calculated only using the 6 of the 7 SPs (excluding E) considered. Shape Complexity #3 = Shape Complexity calculated only using only the 3 unstable SPs (C, T and D) of the 7 SPs considered.
Curvelength: The total curvelength of a word in its sizenormalized form is a reasonable measure of complexity of the word. Curvelength of the character is the sum of the curve-lengths of all the strokes in a handwritten character. Hence, it can be used as one of the measures for the comparison across all the scripts. Curvelength per character = 15) where, N represents the total number of points in an interpolated stroke, j represents the total number of strokes in a handwritten character. Thus, the curvelength of a character is the sum of the curvelength of all the strokes in the character.
Stability Index:
We define the stability of a character in terms of the number of structurally stable SPs (codimension = 0) that the character has relative to the number of structurally unstable SPs (codimension > 0). Scripts whose characters possess more structurally stable SPs are likely to be more stable. Among the 7 SPs considered in the present study, E, B and X are structurally stable, while the rest are unstable. Therefore, Stability Index is defined as. Stability index = (Total number of stable shape points)/(Total number of unstable shape points) = (E+B+X)/(C+T+D+A) (16) The above calculation is performed over the entire set of 20 words for each script.
Methodology Section B (Shape similarities of phonetically related characters)
-Vowels and consonants were written by the writers in each script selected for this study. Shape points were identified for the characters as per previous section. The total number of shape points of each type was calculated for each character. For all the character (vowels and consonants), the input vector for SOM is of form of [NLT1, NLT3, NLT5, NLT7, NB1, NB3, NB5, NB7, NC, NX, NT, NA, ND] Where, Ni is the total number of the shape point i identified in the character. (LT1, LT3, LT5 and LT7: Types of end points depending on alignment of the stroke; B1, B3, B5 and B7: Types of bump points) Two winning nodes per character were considered for mapping of vowels and consonants. SOM output matrix of size 7x7 was obtained by training the dataset. A list of pairs of phonetically similar characters was created for each script considered in this study. Euclidean distance between the winning nodes for phonetically similar characters in each pair is measured as follows: Phonetically similar character pair (A, B) A: winning node 1: (I 11 , J 11 ); winning node 2: (I 12 , J 12 ) B: winning node 1: (I 21 , J 21 ); winning node 2: (I 22 , J 22 ) The Euclidean distance between characters A and B mapped on SOM is calculated as: Results -The stable and unstable SPs for handwritten characters in ten scripts were identified. The total number of strokes required for writing twenty names of cities is lower for South Indian scripts like Tamil, Malayalam and Telugu. This number is higher for North Indian scripts like Hindi and Punjabi. Total number of strokes for Bharati script falls in the average range. The four South Indian scripts -Kannada, Malayalam, Tamil and Telugu, -have the lowest scores in this respect, which reflects the popular understanding that South Scripts are ornate, with complex, convoluted strokes. Among South Indian scripts, single strokes often represent an entire CV combination, which explains the low value of strokes/Unicode for these scripts (Figure 7) . However, the results are different for curvelength measure. Bharati script scores the lowest among all the scripts for measures as curvelength, curvelength per unicode. Gujarati emerges as a runner up after Bharati in this measure (Figure 8 ). Stability Index is compared across all the ten scripts. Stability index was found to be highest for Bharati with Telugu in the second position ( Figure 9 ). The three complexity measures -Shape Complexity #1 (Figure 10 ), Shape Complexity #2 (Figure 11 ), and Shape Complexity #3 (Figure 12) , -were computed for all the ten scripts. Bharati script was found to have the smallest value for all the three measures. Figure 15 shows that SOM Index is least for Bharati. Consider consonants क (k), ख (kh), ग (g) and घ (gh), also known as velars which are articulated with the back part of the tongue against the soft palate. These consonants are mapped in the proximity on Bharati SOM (Figure 13 ) indicating the similarity between the shapes of these characters. The same velar consonants are mapped at different locations away from each other on Hindi (Devanagari) SOM (Figure 14 ). This confirms that shapes of vowels and consonants in Bharati follow underlying phonetic organization.
Discussion -We presented a simple script called Bharati that can represent the nine major scripts of India. The script derives its simplicity from the underlying principle that guides its design: the phonetic organization of Indian language characters is strictly reflected in the graphical form of Bharati characters. This proposition is highly supported by the study shape similarities of phonetically related characters using SOMs. This being not the case with any of the current scripts, the characters of contemporary Indian writing scripts, though often ornate, can pose considerable difficulty to a young learner. Since Bharati characters are based on simple organizational rules, the learner can learn the script easily once (s)he understands the phonetic organization. Bharati compares favorably with the nine Indian scripts considered in terms of the complexity measures used in this study. This is perhaps because Bharati is designed so that component sounds are graphically expressed as segmental components, which makes the script transparent and lends itself to easy analysis for machine recognition. Bharati script opens up the possibility of using a common script across the face of India. The growing numbers of next generation Indians, who can speak a certain Indian language but cannot read or write in the corresponding script, will benefit from adoption of a common script for most Indian languages.
